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Abstract 
The use of crude vegetable oils without degumming, during biodiesel production, might decrease the conversion rate and be 
difficult to separate glycerol from biodiesel. Ultrafiltration is promising technology for gum removal from crude vegetable oils. 
However, since the oil constituents have very close molecular weight, degumming process by membrane is relatively difficult. In 
order to understand the membrane degumming process of corn-oil, a prediction of concentration boundary layer thickness was 
calculated using a CFD model. An artificial neural network is developed to learn the relationship between Reynolds and Schmidt 
numbers of feed solution which affects the boundary layer thickness along the membrane tube.   
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1. Introduction  
Energy sustainability is a key factor towards sustainable societies. Finite petroleum resources drive the 
employment of bio-based chemical products. We are on the way back toward bio-based economy, the opposite 
direction than decades ago when many industrial materials were originally made from agricultural crops and woods, 
displaced by petroleum derivatives. Fuel made biomass is therefore the re-invented technology, as Otto and Diesel 
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conceived their inventions to run on ethanol and peanut oil, respectively [1, 2]. The sources of biomass or 
lignocellulosic can be derived directly from energy crops or recycling waste edible oil; however, due to agricultural 
intensification, more than 95% of the world biodiesel is produced from edible vegetable oil, especially corn 
harvested [3]. Back to 1912, Rudolf Diesel mentioned that he believed that the use of vegetable oils in his engine 
could be as significant as petroleum in the transportation industry in the future [4].  
Vegetable oils can be used in the diesel engine as: pure vegetable oils, esters of vegetable oils, or blends of oils 
or esters with petroleum-derived diesel fuel. Although crude or unblended vegetable oil has been used since the first 
development of diesel engine, however the presence of gumming materials called phosphatides might cause 
potential problem by deposited carbon clogging in the engine filter, lines and injectors [5]. Degumming therefore 
becomes essential process in the usage of vegetable oil especially in diesel engines.  
The terms degumming and desliming are used to refer to the refining treatments which are designed to remove 
phosphatides and certain other ill-defined “slimes” or “mucilaginous materials” from the oil but do not significantly 
reduce the acidity of the oil [6]. Unlike conventional degumming process which employs several stages to remove 
gum from the oil, membrane filtration of crude vegetable oil or its micelle can remove undesirable oil impurities in 
the single stage process [7]. However, since the oil constituents have nearly close molecular weight, the membrane 
degumming process is relatively difficult process [8]. Moreover, membrane degumming is suffered by concentration 
polarization which decrease total flux and reduce oil product [9].  
Phosphatides typically form amphiphilic/micelle structure, therefore many membrane-based separation processes 
consider about this surfactant behavior [10]. The degree of phospatides removal differs between 60-100% during dry 
degumming (without solvent)[11-13] and wet degumming using solvent [14-25]. Since rejection is affected by the 
accumulation of phosphatides near the membrane walls, we investigate the concentration polarization occurred in 
this process. In this paper, we develop a computational fluid dynamics (CFD) model to predict concentration 
polarization thickness during dry-degumming of corn-oil using tubular ceramic membrane. Based on the results 
obtained, we can decide whether dry degumming process is suitable for degumming process which provides higher 
flux, therefore it could be used for the experimental works. We also then train, test and validate an ANN model to 
obtain faster results on the prediction. 
2. CFD Method 
2.1   CFD governing equations 
The model of inside-out process in tubular ceramic membranes with cylindrical coordinate systems is modelled 
and shown in Fig. 1.   
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Facial and lateral cross section view of flow in tubular permeable membrane. 
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The governing equation is described below:  
Continuity equation:  
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Radial momentum equation:  
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Mass transfer or solute transport equation:  
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2.2   Boundary conditions 
The above model requires the implementation of boundary conditions given below: 
Inlet boundary condition, 0 x  
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At membrane surface or permeable wall, Rr   
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where ΔP = P - Pe, the resistances Rp is obtained using the following equation:  
pp
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when pG is approximately equal to the distance from membrane surface where the value of concentration is close 
enough to the inlet value of concentration, so the equilibrium between convective and diffusive fluxes is reached 
when 001.0
0
0 
C
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, adapted from [26]. 
The non-dimensional quantities are: 
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In this model, the Reynolds numbers were tested at 1000, 3000, 7000 and 10000. The Schmidt numbers were tested 
at 400,000; 700,000; 1,000,000; and, 1,300,000. Further explanation on the CFD model can be found in our previous 
work [27]. 
 
2.3   CFD conditions  
The following assumptions have been made: 
1. The system is at steady state. 
2. The fluid is a viscous incompressible Newtonian. 
3. Constant fluid solution viscosity and density.  
4. Constant diffusion coefficient for the solute. 
5. Isothermal, no energy transport (potential and kinetic) across the membrane. 
6. The module is oriented horizontally. The tubular membrane (r,x) with radius R and length L in the case 
of laminar cross-flow. 
7. The motion is considered as axis symmetric, hence only half of the tube is considered. 
8. A fully developed velocity profile at the tube inlet, hence inlet axial velocity profile is parabolic. This 
assumption is reasonable because the aspect ratio is high for modules of commercial interest, so the 
importance of entrance effects is minimized. No axial dispersion in tube outlet. 
9. No slip condition at the membrane surface. 
10. The steady-state concentration polarization phenomenon in a cross-flow filtration process is described by 
2D convective-diffusion equations and coupled with the resistance-in-series model for permeation 
transport. 
11. The local wall permeation velocity is determined from resistance-in-series model, and the Kozeny-
Carman equation is valid. 
12. Vegetable oils are defined as solvent, and phosphatides are defined as solute in this study. 
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2.4   CFD grid generation 
The equations are solved using the software package PDE2D 9.1 developed by Prof Granville Sewell of 
University of Texas in El Paso. The program employs the Galerkin methods to generate a grid composed of user-
specified number of finite element, or triangular elements to solve 2D problems. Each element is described by a set 
of algebraic equations emanating from partial differential equations given above. The entire set of algebraic 
equations is solved using Newton’s method to give the axial velocities, radial velocities and concentration 
polarization along the membrane surface. The solution is stored on a grid with a user-specified number of grid 
points. An extensive discussion of the application of the PDE2D software to the solution of fluid flow problems can 
be found elsewhere [28].  
3. ANN Model 
The other possibility to predict the retention layer thickness in the data range obtained from CFD is using 
artificial neural networks (ANN) model. ANN is composed of simple elements operating in parallel. The elements 
are inspired by biological nervous systems. As in nature, the network function is determined largely by the 
connection between elements (neurons). An ANN can be trained to perform a particular function by adjusting the 
values of the connections (weight) between neurons. Commonly artificial neural network are adjusted, or trained, so 
that a particular input leads to specific target output [29]. Data obtained by CFD are computed by neural network 
model (Figure 2).  
The input layer has three neurons or nodes (Re, Sc and x/R); the hidden layer contains at least twice of input 
layer; and finally the output layer has only one node: the retention layer thickness (Gp). Using back propagation 
neural network open source program, the raw data presented in Figure 2 can be divided by three, 75% as training 
data, 15% as control data and 10% as validating data. To verify the validity of ANN model, the results are then 
compared with the CFD output. 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. The predictions of retention layer thickness using ANN model. 
 
4. Results and Discussion 
4.1   Prediction of concentration polarization layer using CFD 
Retention layer within the flow channel only occurs in a small vicinity near the membrane surface. The retention 
was developed shortly after the feed flow flew into the fluid flow channel. The flow in an axisymmetric tubular 
membrane of length L=2*R was simulated. The simulation has been done for axial Reynolds number between 1,000 
and 10,000, for Schmidt number between 400,000 and 1,300,000 and using fixed value of wall Reynolds number of 
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0.1. Fig. 3 shows the variation of concentration polarization growth along the tube length. As it is shown in the 
figures, the increasing Reynolds number by increasing inlet axial velocity can decrease the retention layer growth. 
Higher Reynolds number can improve the performance of a tubular membrane. It is also shown that the retention 
layer growth is lower with the increase of Re number.  
 
Fig. 3. Concentration boundary layer thickness in function of the axial dimensionless position (x/R) next to membrane surface (R=0.999) for 
Sc=400,000, Rew=0.1. 
4.2   ANN prediction 
The concentration polarization layer thickness during dry degumming of corn oil was successfully predicted 
using ANN model. The results are then compared with CFD model. Figure 4 shows the comparable prediction using 
CFD and ANN methods at Sc = 400,000 (figures presented clockwise). In the upper-left graph, when Re = 1000, the 
CFD prediction is slightly higher than that of ANN prediction. The same trend is predicted when Re = 4000, shown 
in the bottom-left graph. However, in the upper-right graph, when Re = 2000, ANN prediction is slightly higher than 
that of CFD. A very good agreement on CFD and ANN predictions occurs when Re = 3000, as shown in bottom-
right graph.  
When the Sc number significantly increases in the same Re = 1000, the better agreement between CFD and 
ANN predictions is obtained (see Fig. 5). In the upper-left graph, CFD prediction is slightly higher than that of 
ANN’s. However, with the increasing Sc number to 700,000, 1,000,000 and 1,300,000, better fitting is obtained 
from CFD and ANN predictions.  
A high positive correlation of concentration polarization layer prediction using CFD and ANN methods is 
observed and presented in Figure 6. There is only a small discrepancy found in the low concentration polarization 
layer thickness close to zero point. The CFD result at the x=0 always shows that no concentration polarization layer 
occur, but it is not the case for ANN prediction. However, in general CFD and ANN prediction show a very good 
agreement. 
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Fig. 4. CFD and ANN methods on the prediction of concentration polarization layer thickness in inclined Re values (presented clockwise). 
 
Fig. 5. CFD and ANN methods on the prediction of concentration polarization layer thickness in inclined Sc values (presented clockwise). 
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Fig. 6. High positive correlation of concentration polarization layer thickness between ANN prediction and CFD prediction. 
 
Based on the CFD and ANN predictions, the removal of phosphatides using membrane is potentially exploited 
when Sc number of the solution is certainly adjusted. Even if using laminar flow of Re = 1000, when Sc number is 
high, the concentration polarization layer thickness on the membrane surface is expected lower. Concerning this 
numerical result using CFD and ANN model, therefore, wet degumming using membrane is a better method to 
prevent membrane fouling due to the concentration polarization and improve process performance (flux). Wet 
degumming, incorporating solvent, of course need another post-treatment to separate oil flux and the solvent after 
degumming process, but using wet degumming is able to enhance corn oil product. 
5. Conclusions 
A CFD model based on Galerkin-FEM has been successfully developed to predict the concentration polarization 
during dry degumming of corn oil using tubular ceramic membrane. Furthermore, an ANN model based prediction 
has been used to understand the concentration polarization along the membrane tube. The results show that a very 
good agreement has been obtained from CFD and ANN predictions, especially using high Sc number. In practical 
point of view, maintaining Sc value through diluting corn oil using solvent (wet degumming) is a better method to 
prevent high concentration polarization and obtain higher flux (oil yield). 
The ANN model trained with CFD data has a simple structure, yet provides a good predictive result. The use of 
ANN model might decrease the computational time compared by using CFD for full prediction of concentration 
polarization layer thickness. Hence, the ANN model contributes to easy predictive method without thorough CFD 
analysis.  
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Nomenclature 
 
ANN  artificial neural network 
CFD  computational fluid dynamics 
D  diffusivity coefficient, m2s-1 
e  membrane thickness, m 
J  flux, liter m-2 h-1 
kc  Kozeny-Carman constant 
K  coefficient reflecting the nature of the membrane 
L  length of the membrane, m 
Li  coefficient of proportionality 
Lm  length of the pores in a membrane, m 
P  pressure, Pa   
q  flow rate, liter min-1 
r  radius of the membrane, m 
rp  specific resistance of concentration polarization, m-2 
R  total resistance, m-1 
Re  Reynolds number 
Rf  resistance caused by fouling, m-1 
Rm  resistance of the membrane, m-1 
Rp  resistance due to concentration polarization, m-1 
Sc  Schmidt number  
U  axial velocity, ms-1 
v  kinematic viscosity, m2s-1 
V  radial velocity, ms-1 
Vw  local permeate flux, m s-1 
x  axial direction, m 
 
Greek letters 
P  viscosity of fluid, Pa s 
U  density of fluid, kg m-3 
T  cylindrical coordinate 
Gp  retention layer thickness, m 
 
Subscripts 
0  initial  
ave  average 
f  feed 
h  hexane 
i  component i 
max  maximum 
p  permeate 
w  wall 
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